series of variables, which included the density, area fraction, diameter, and spacing of APFs, were quantified from images taken from clinical core needle breast biopsies and used to create a multivariate classification model. The model was developed using a training data set and validated using an independent testing data set. Results The top performing classification model included the density and area fraction of smaller APFs (those less than 7 µm in diameter, which likely correspond to stained nucleoli).When applied to the independent testing set composed of 25 biopsy panels, the model achieved a sensitivity of 82 %, a specificity of 79 %, and an overall accuracy of 80 %. Conclusions These results indicate that our quantitative microscopy toolbox is a potentially viable approach for detecting the presence of malignancy in clinical core needle breast biopsies.
tissue, blood vessels, macrophages, lymphocytes, other inflammatory cells, and the presence of progressive infiltration, which involves the invasion and destruction of surrounding tissue (Cohen 1996; Millot and Dufer 2000) . While histopathology is the gold standard, limitations include tissue processing, sectioning, and staining the tissue, which can take 30 min or more for frozen section diagnosis and more than 24 h for paraffin section diagnosis, and a highly trained pathologist to render a diagnostic evaluation.
Several clinical situations could benefit from more rapid and automated histologic processing, which could reduce the time and resources required between obtaining tissue and providing a diagnosis. For example, there is need for rapid detection of residual cancer on the surface of tumor resection specimens acquired during excisional surgeries, such as breast-conserving surgery (Jacobs 2008) . Postoperative histopathologic assessment of the resected specimen is the current gold standard by which microscopic residual tumor in the margin is detected. Re-excision surgery is performed if residual cancer is found on the surface of the excised lumpectomy specimen, in order to reduce the risk of recurrence (Moran et al. 2014) . Intra-operative frozen section analysis and touch prep cytology are used to assess surgical margins at the time of first surgery at a few select high-volume centers with dedicated resources and personnel. However, these techniques have not been widely adopted because they require laboratory personnel to be present during surgery including specially trained pathologists and sometimes radiologists. An additional clinical scenario that could benefit from more rapid histologic processing is the assessment of biopsy specimens at the point of care to confirm that a suspicious lesion is successfully sampled, preventing an unnecessary repeat biopsy procedure. Rapid and low-cost histologic processing could also be potentially useful in settings lacking the resources necessary to perform standard histologic assessment (Adeyi 2011) . For example, intermediate diagnostic biopsy is typically not performed between cancer screening and treatment in low-and middle-income countries (LMICs) due to the need for multiple visits (there is patient attrition with every clinic visit that is needed) and lack of resources (Rambau 2011) . The number of pathologists in LMICs is small, even as a percentage of the total medical workforce. For example, there are only 15 pathologists in the entire country of Tanzania, which translates to 1 pathologist per 2.5 million people (Rambau 2011) . Technologies that enable rapid, automated, low-cost histologic processing could address this unmet clinical need in LMICs.
In order to enable visualization of tissue at the point of care, many groups have developed microscopy techniques including reflectance and fluorescence microscopy (Balu et al. 2014; Drezek et al. 2003; Gareau et al. 2012; Muldoon et al. 2010; Schlichenmeyer et al. 2014) , confocal microscopy (Clark et al. 2003; Dobbs et al. 2013; Karen et al. 2009; Tanbakuchi et al. 2009 Tanbakuchi et al. , 2010 , and optical coherence tomography (OCT) (Boppart et al. 2004; Clark et al. 2004; Hsiung et al. 2007; Nguyen et al. 2009; Sun et al. 2013; Zysk et al. 2007 ) and demonstrated that morphological features can be detected with these approaches. While these techniques are well suited to enable real-time visualization of tissue morphology, quantitative image analysis is essential to enable objective interpretation and automated diagnosis. Toward this end, a few groups have combined automated nuclear morphometry and microscopy techniques to enable quantitative diagnosis during a procedure. For example, Nyirenda et al. (2011) applied nuclear morphometry to wide-field fluorescence microscopy images of a breast cancer rat model and found that area fraction, which is the nuclear area divided by the total area, achieved 97 % sensitivity and 97 % specificity for tumor detection. Previously, our group employed a topically applied fluorescent contrast agent called acriflavine and a high-resolution fluorescence microendoscope to visualize the microanatomical features in resected preclinical tumor sarcoma margins (Mueller et al. 2013) . In this study, we developed a technique for segmenting acriflavine positive features (APFs) from the heterogeneous preclinical sarcoma margins using an algorithm called sparse component analysis (SCA) (Mueller et al. 2013) , which has been used in the image processing community for image compression. While APFs roughly correspond to nuclei, in some cases nucleic acids are concentrated within the nucleoli of neoplastic cells; therefore, we refer to these acriflavine positive features as APFs throughout this work. SCA accurately segmented APFs from images that contained tumor, muscle, and adipose tissue types, and differences in APF density were used to diagnose positive tumor margins (Mueller et al. 2013) .
The goal of this study was to test the robustness of our quantitative microscopy toolbox to detect the presence of malignancy in clinical core needle breast biopsies, and to assess whether this approach can be extended from a preclinical sarcoma model to clinical specimens for point-ofcare procedures associated with breast cancer diagnosis. A model was optimized with a training data set of 26 biopsy panels and then was prospectively applied to a testing data set of 25 biopsy panels to assess whether our approach could be used to accurately diagnose clinical breast biopsy specimens into their specific histopathologic diagnoses.
Methods

Patient population
This study was performed under a protocol approved by the Duke University Institutional Review Board (Protocol Number: Pro00008003). Eighty patients age 18 and over undergoing core needle breast biopsy procedures at Duke University Medical Center gave written consent before enrolling into the study. In addition to imaging tissue, characteristics were tabulated for each patient including age, body mass index, receptor status, menopausal status, and mammographic breast density. For mammographic breast density, each patient was assigned a value based on their pre-surgery mammogram: 1 (fatty), 2 (scattered fibroglandular), 3 (heterogeneously dense), or 4 (extremely dense). This demographic information is included in Table 1 .
Imaging system and contrast agent
A high-resolution fluorescence microendoscope that has been described previously (Muldoon et al. 2007 ) was used to capture images of breast tissue. Briefly, the microendoscope contained a 455-nm light emitting diode, excitation filter, dichroic mirror, 10× objective, emission filter, and CCD camera. The light was directed to the sample through a flexible fiber bundle composed of 30,000 fibers that yielded a circular field of view of approximately 750 µm in diameter. The resolution of the system was approximately 4.4 µm as determined by Muldoon et al. (2007) . Acriflavine was selected as a topical contrast agent because it highlights tissue morphology seconds after being applied. Specifically, acriflavine reversibly associates with RNA and DNA and has also been shown to stain collagen and muscle fibers (Ferguson and Denny 1991; Krolenko et al. 2006) . Acriflavine was dissolved in phosphate-buffered saline solution (0.01 % w/v, Sigma-Aldrich) and was topically applied to excised breast tissue immediately prior to imaging with the microendoscope.
Imaging protocol
During core needle breast biopsy procedures, several biopsies were taken from the suspicious area. Our research team was usually handed the first biopsy, which typically came from the center of the suspicious lesion. This was not a research biopsy collected for our particular study; rather, our research team intercepted the first biopsy collected before it was sent to the pathology laboratory. After the biopsy was acquired (typically within 10 min of the procedure being performed), acriflavine was applied to the surface of the specimen. After 30 s, the distal end of the fiber bundle was placed in contact with the tissue and images were acquired. The biopsy was scanned lengthwise by systematically moving the probe in 1 mm increments over the tissue surface. Once one side was scanned, the biopsy was rotated 180° and the lengthwise scanning process was repeated. In order to improve the accuracy and reproducibility of these movements, the fiber bundle was secured in a custom probe holder, which was mounted on an x-y translation stage. Biopsies ranged from 10 to 20 mm in length and imaging took approximately 10-15 min to complete.
After imaging was completed, the surface of the specimen was inked for pathological co-registration. In order to maintain the proper orientation for pathological evaluation, each half of the biopsy specimen was inked with a different color (see Fig. 1 ). After imaging and inking were complete, the tissue was returned for standard of care pathologic processing. Specifically, pathology sections were cut longitudinally to provide a cross section of the entire length of the biopsy specimen. As per standard clinical laboratory protocol, our study breast pathologist (J.G), who was blinded to the results of fluorescence microscopic imaging, reviewed hematoxylin and eosin (H&E) sections from 3 levels from each diagnostic paraffin block. A diagnosis was acquired for the ends of each biopsy (the last 1 mm) as well as for the middle portion of each biopsy (the central 8-18 mm). For malignant biopsies, the biopsy diagnosis was based on the highest grade of malignancy within the middle section. For benign biopsies, the biopsy diagnosis is based on the average tissue composition within the middle section. Biopsy panels consisted of the images in the central 8-18 mm and did not include the ends (the last 1 mm) because the ends of the biopsies were often extremely thin and difficult to get in focus. Since images were acquired every 1 mm and the biopsy was imaged twice, between 16 and 36 images were acquired of the middle portion of each biopsy specimen.
Biopsy analysis
A total of 80 patients were recruited for this study. However, 5 patients were used for a feasibility study prior to 2011. Eight patients were counted as screen fails because they became ineligible after consenting to the study. An additional 8 patients were excluded from the study due to various logistical issues that were unrelated to the actual implementation of our protocol. In total our study team was able to successfully image 59 biopsy specimens with a corresponding pathologic diagnosis, 5 of which were stereotactic core biopsies and 54 of which were ultrasound-guided core needle biopsies. For our analysis, the 5 stereotactic biopsies were removed from the data set because the samples were extremely fatty. The 2 biopsies from the other benign category (which included a lymph node and hematoma) and the 1 ductal carcinoma in situ (DCIS) biopsy were removed since only one sample was acquired of each of these pathologies, and no conclusions could be drawn. This decreased the total number of biopsies panels from 54 to 51. This information is summarized in Fig. 2 . Acriflavine positive features (APFs) were segmented through application of a technique called sparse component analysis (SCA), which has been described previously (Mueller et al. 2013 ). All image processing and analysis were completed in MATLAB (2013b, Mathworks Inc., Natick, MA). First, images were cropped in order to discard the rim of the fiber bundle. Additionally, a low-pass Gaussian filter was applied to remove the fiber core pattern that was superimposed onto the images. Next, SCA was used to separate APFs from fibrous and adipose structures in heterogeneous images. After SCA was applied to isolate APFs, the circle transform (CT) was applied to compute the size and density of APFs. CT was chosen to quantify diagnostic variables associated with APFs because it detects approximately circular objects (i.e., APFs), can distinguish overlapping circular APFs, and is easy to tune (Ballard 1981) .
Next, the variables were calculated from segmented images. Variables were designed to capture disease features typically seen in H&E-stained slides, such as increased nuclear density or nuclear pleomorphism (the variation in size and shape of nuclei) (Cohen 1996 ; Millot and Dufer Fig. 1 Illustration of imaging and inking protocol. First acriflavine was topically applied to the biopsy, and side 1 was imaged by moving the probe in 1-mm increments along the length of the biopsy. Then the biopsy was flipped 180°, and side 2 was imaged in 1-mm increments. Next the biopsy was inked with two colors to maintain orientation-for example, green ink was applied on the left side, and orange ink was applied on the right side. Then the biopsy was submitted for H&E processing and an aggregate diagnosis was given for the middle component (the center 8-18 mm) . Specifically, variables include density of APFs (the number of APFs in a unit area), area fraction (the total APF area divided by the total area), minimum internuclear distance (the distance between the center of an APF and the center of the next closest or nearest neighboring APF), and diameter (the output given by CT). Density and area fraction represent scalar variables in which only one value is returned for each image. Conversely, the minimum internuclear distance and diameter represent vector variables in which a value is calculated for each APF within the image. In order to consolidate the vector variables into a single value, the mean IND and mean diameter were calculated for each image.
In order to develop a classification model, the biopsies were divided into a testing set and training set ( Table 2 ). Different combinations of the variables described above were investigated through the use of the training data set to evaluate performance of the multivariate model, which was based on logistic regression in the SAS programming environment. For each biopsy, the logistic regression model yields a probability value that the biopsy is malignant. Probabilities values can vary from 0 to 1 with 1 corresponding to a 100 % probability that the biopsy is malignant. Receiver operator characteristic (ROC) curves were constructed with the probability values for the biopsies in the training data set using a web-based tool (Youden 1950) . The area under the curve (AUC) associated with each ROC curve was tabulated. Then the best performing models (with the highest AUCs) were applied to the testing data set, and the probability values were used to construct ROC curves. The model that yielded the highest AUC for the testing data set was selected and used to examine which biopsies were correctly and incorrectly classified. A cut point on the ROC curve was selected based on the quantity F = (1-sensitivity) 2 + (1-specificity) 2 , which is minimized at the optimal sensitivity and specificity.
Results
Demographic information
The breakdown of the 54 ultrasound-guided biopsies specimens imaged in this study is shown in Table 1 . Of the 54 biopsies, 23 were malignant and 31 were benign specimens. The 23 malignant cases were comprised of 20 invasive ductal carcinomas (IDC), 2 invasive lobular carcinomas (ILC), and 1 ductal carcinoma in situ (DCIS). Of the 31 benign biopsies, 2 contained primarily adipose or fibroadipose tissue, 21 contained primarily fibroglandular, fibrous, or glandular tissue, 6 were either fibroadenomas or papillomas and 2 contained other benign pathologies including a lymph node and a hematoma. The 1 lymph node, 1 hematoma, and 1 DCIS biopsy were excluded from further analysis since only one sample was acquired of each of these pathologies, and no conclusions could be drawn. Figure 3 shows a representative example of a malignant and benign biopsy from our study. Each side of the biopsy was scanned lengthwise-the left column corresponds to side 1 and the right column corresponds to side 2. A summary diagnosis is given for the middle portion each biopsy (the central 8-18 mm). The malignant example in Fig. 3a contains IDC and fibrous tissue, and the benign example in Fig. 3b contains fibroglandular and adipose tissue. For visualization purposes, APFs that were larger than 7 µm in diameter were false colored red, and APFs that were less than or equal to 7 µm in diameter were false colored green and overlaid onto the original image (column 3). The threshold of '7 µm' was chosen because APFs smaller than the threshold are likely to correspond to nucleoli, while APFs larger than the threshold are likely to correspond to nuclei (Nandakumar et al. 2012) . Specifically, others have found that nuclear volume of human breast cancer cell lines ranged from approximately 200-1500 µm 3 while nucleolar volume ranges from 5 to 170 µm 3 (Nandakumar et al. 2012) . If the assumption is made that nuclei and nucleoli are approximately spherical, this corresponds 7-14 µm in diameter for nuclei and 2-7 µm in diameter for nucleoli, suggesting that threshold of '7 µm' may lead to some separation between nuclei and nucleoli. To confirm this range of sizes, we manually circled nuclei and nucleoli in H&E images of various breast pathologies. Results in Fig. 4 indicate that the diameter of most nucleoli is less than or equal to 7 µm while most nuclei are greater than 7 µm in diameter; thus, 7 µm appears to be an appropriate threshold to separate nuclei from nucleoli. Table 2 shows how many biopsies fell into each pathological category for the biopsy analysis. Specifically, the biopsies from each pathologic category were randomly divided into a training set and testing set in order to develop and assess various diagnostic models. For example, the 20 IDC biopsies were randomly divided between the training and testing sets such that each set contained 10 IDC biopsies. The training and testing sets contained 26 and 25 biopsies, respectively.
Biopsy analysis
Figure 5a-c shows boxplots of the average density, area fraction, internuclear distance, and diameter calculated from the malignant (n = 11) and benign (n = 15) biopsies in the training set. Average density, area fraction, internuclear distance, and diameter were calculated for all APFs, smaller APFs (green), and larger APFs (red). As expected, each density and area fraction boxplot reflected higher concentrations of APFs for the malignant compared to the benign tissue types. The density of the smaller APFs (green) yielded the most significant difference between malignant and benign biopsies (p = 0.0095). Similarly, area fraction of the smaller APFs (green) led to the most significant differences between malignant and benign biopsies. The average diameter of all APFs also led to a significant difference between malignant and benign biopsies (p = 0.022). Thus, the top performing variables, which included the density of the smaller APFs (green), the area fraction of the smaller APFs (green), and the average diameter of all APFs, were used to create various univariate and multivariate models.
For each univariate and multivariate model, the AUCs achieved with the training and testing sets were tabulated and are shown in Fig. 6a . The density of the smaller APFs (green) combined with the area fraction of the smaller APFs (green) achieved the highest average AUC of 0.83. No additional improvement in performance was gained by using three variables. The ROC curve for this top performing model is shown for both the training and testing data sets in Fig. 6b . The optimal cut point on the testing set curve in Fig. 6a was used to determine the performance metrics listed in Fig. 6c . Specifically, the model yielded a sensitivity of 82 %, specificity of 79 %, and overall accuracy of 80 %. In total, there were 9 true positives, 2 false negatives, 11 true negatives, and 3 false positives. False positive biopsies included 1 fibroadipose and 2 fibrous biopsies, while both false negative biopsies contained IDC embedded in a fibrous background. Of the 2 false positive biopsies, 2 contained notable amounts inflammation and the other contained notable amounts of fat necrosis. A representative false negative and false positive biopsy is shown in Supplementary Figure 1 .
Discussion
In this study, we demonstrate that fluorescent microscopy of acriflavine-stained tissue combined with an algorithm that leverages SCA + CT provide a rapid, non-destructive, and automated strategy for quantitative pathology of heterogeneous, fresh, core needle biopsies. The primary source of contrast in this study was the density and area fraction of the smaller APFs. Specifically, the density of smaller APFs (green) + area fraction of the smaller APFs (green) achieved the highest average AUC of 0.83. As expected, there were significantly higher density and area fraction for malignant biopsies (Fig. 5) . This trend was also seen in our previous work in which the density of the smaller features led to more significant differences between positive and negative images of excised preclinical sarcoma margins (Mueller et al. 2013) . The density of the smaller APFs likely provides more contrast between malignant and benign images because nucleic acids are highly concentrated within the nucleoli of malignant cells while they are more diffuse within benign cells. For example, the presence of prominent or multiple nucleoli is associated with a high nuclear grade, which has been shown to correlate with the aggressive potential of breast carcinomas (Rakha et al. 2010) . Thus, malignant regions or images are likely to contain a larger amount of the smaller APFs.
A significant strength of this approach is no additional tuning or optimization of SCA + CT is required when transitioning the application from preclinical sarcoma margins to clinical core needle breast biopsies. Thus, this work demonstrates that this methodology can be easily applied to a variety of different organ sites where point-of-care quantitative pathology would be useful. Specifically, this approach could be used to evaluate the adequacy of core needle biopsies immediately after the tissue is acquired and provide a preliminary diagnosis at the point of care. Additionally, we observed that acriflavine staining does not interfere with H&E processing or visualization. Thus, the system is non-destructive and is compatible with downstream histology and molecular analysis. Another strength of this study is that we were able to image the first core biopsy, which typically came from the center of the suspicious mass in the patient. Ultimately this allowed us to acquire a high yield of malignant images in our data set. Additionally, our study did not require removing additional tissue from the patient (as would be the case if our study required taking a separate research biopsy).
However, since we merely intercepted the tissue between the biopsy procedure and the pathology laboratory, the tissue that we imaged and inked had to be placed in formalin with the other biopsies (in order to follow standard biopsy pathology protocols). Often this resulted in fragmentation of the tissue, which prevented our research team from acquiring a three-prong pathology diagnosis. For example, if the ends of a biopsy broke off in the vial with the other biopsies, then we did not acquire a diagnosis for the ends of the biopsy (rather we only acquired a diagnosis for the middle portion of the biopsy). Additionally, we found that it was difficult to acquire high-quality images of the ends of the biopsies with our device because the tissue was extremely thin and difficult to get in focus. Consequently, we could not use many of the images at the end of the 5 Variables calculated for the training data set. Variables were calculated from 11 malignant and 15 benign biopsies. Boxplots were created for the density, area fraction, average internuclear distance, and average diameter and are shown in a-d, respectively. Calculations were completed for all APFs, smaller APFs (green), and larger APFs (red) and are shown in columns 1-3, respectively. p values calculated from Wilcoxon rank sums are shown in each boxplot. All p values less than 0.05 are considered significant biopsies and therefore removed them from the biopsy panels prior to image analysis.
Misclassified biopsies included 1 fibroadipose biopsy, 2 fibrous biopsies, and 2 IDC biopsies that were embedded in a fibrous background. Two of the 3 false positive biopsies included fibrous biopsies with notable amounts of inflammation, which can be highly cellular and difficult to distinguish from malignant tissue types. The other false positive biopsy contained large amounts of fat necrosis, which stained brightly with acriflavine and appeared highly cellular with the high-resolution microendoscope. Conversely, both false negative biopsies contained IDC embedded in a fibrous background, which yielded hazy images and likely prevented detection of APFs. While each biopsy panel was categorized as IDC, ILC etc., based on their primary diagnosis, other tissue types are often present. Additionally, there may be differing amounts of IDC or ILC, which was not quantified in the pathological diagnosis. To better assess how heterogeneity or partial volume errors affect our diagnostic model, future studies could employ alternative pathologic strategies that enable us to quantify the relative amounts of malignant versus benign tissue or fibrous versus adipose tissue within a biopsy specimen. Additionally, the sample size included in this study is small; thus, future studies could apply the diagnostic model developed here to a much larger data set for further validation.
One shortcoming from the work shown here is that the fluorescence microendoscope collects light from several cell layers, which contributes to background fluorescence or blur coming from deeper layers in the sample (Muldoon et al. 2007 ). This can lead to hazy images, which can affect the ability of algorithms to accurately segment APFs (Mueller et al. 2013) . Background fluorescence could be reduced through leveraging optical sectioning techniques, such as confocal microscopy or structured illumination microscopy (see Supplementary Figure 2 ).While confocal microscopy can achieve high spatial resolution (<1 µm), the need for beam scanning limits the volume of tissue that can be surveyed in a given amount of time and ultimately limits it translatability to the clinical practice. Structured illumination microscopy has been shown to perform comparably to confocal microscopy with respect to optical sectioning and signal-to-noise ratio, particularly in superficial tissues (Chasles et al. 2007; Gustafsson 2000; Hagen et al. 2012) . However, structured illumination microscopy has the added advantage of full-field illumination and non-descanned detection, thus lowering the complexity compared to confocal scanning systems and increasing the speed with which microscopy of large tissue areas can be performed. Fig. 6 Top performing variables from Fig. 5 were used to create different univariate and multivariate models. Models were developed based on the training data set and applied to the testing data set. The AUCs achieved with the training and testing sets, as well as the average AUC, are shown in a. A ROC curve of the top performing model is shown in b. The ROC plot contains the ROC curve associated with the training and testing data sets. The area under the curve for the training data set (training AUC) and testing data set (testing AUC) is shown on the plot. The performance metrics associated with the optimal cut point on the testing data set ROC curve are shown in c. Metrics include sensitivity, specificity, positive predictive value, negative predictive value, and overall accuracy Thus, structured illumination microscopy in combination with appropriate segmentation algorithms could be leveraged to image large areas of tissue at high resolution and provide quantitative information in a clinically relevant time window.
Conclusions
In conclusion, acriflavine staining and fluorescence microscopy combined with SCA + CT can be used to quantitatively diagnose breast disease. Together, this work yields an optimized set of tools that are capable of imaging tissue at high resolution with no tissue processing and that can automatically segment and quantify those specimens. Ultimately, this platform provides a potentially useful adjunct to histopathology techniques by providing quality control at the point-of-care setting.
